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Abstract
The use of wind energy sources and its integration into power generation systems is assuming increasing importance. For
this reason, new generation models for synthetic wind data are needed, in order to properly generate forecasts of wind
speed and power. This data is fundamental in simulations carried out to analyze and improve the performances of wind
generating units, and individuating the technical parameters of wind turbines that directly aﬀect power production. In
the present study a new model is developed in order to generate realistic synthetic wind data. Wind speed is modeled as
a Weibull distribution, while wind speed forecast error is simulated using First-Order Auto-Regressive Moving Average
- ARMA time-series models. Mathematical programming formulations for the Assignment Problem are used to model
wind speed persistence features, which, as simulation results show in this work, are essential to properly obtain wind
speed and power output forecasts.
c© 2011 Published by Elsevier Ltd.
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1. Introduction
The integration of wind energy into electrical systems is acquiring global relevance [1] [2]. Knowing
the main characteristics of wind is fundamental to obtain proper wind speed and power output forecasts.
Wind persistence is one of the most important factors to be studied to understand the dynamic and inter-
mittent behavior of wind. In order to generate forecasts for wind speed and power, it is also necessary to
know how wind speed can be modeled from a statistical point of view. Since many years, many works
presented in the literature have shown that the statistical distribution of wind speed is modeled with the
Two-Parameters Weibull distribution ([3], [4], [5]). Furthermore, several works in the literature focused on
the correct estimation of the parameters of the Weibull distribution, in order to properly model wind speed
characteristics, as shown in [6], [7], [8], [9], [10], [11]. Recent works present innovative approaches to
estimate these parameters, based on diﬀerent statistical models. For instance, Seguro et.al [12], Dorvlo [13]
and Ruigang et.al [14] present diﬀerent methods for estimating the parameters of the Weibull distribution in
order to model wind speed at diﬀerent locations. These methods are based on the commonly used statistical
methods such as maximum likelihood method and graphic method. On the other hand, in [15], an innovative
method to estimate Weibull distribution parameters for wind energy applications, called power density (PD)
method, is presented. Nimbal et.al [16] show that the Weibull distribution is widely accepted for evaluating
the wind probability using scale and shape parameters and present a model to estimate these parameters in
order to calculate wind speed at a given site. In [17] and [18] diﬀerent probability distributions have been
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Fig. 1. Synthetic wind data generation model.
compared including the Weibull distribution in order to analyze the diﬀerence between them in terms of the
eﬀective modeling of wind speed features.
A correct estimation of wind speed forecast error is also fundamental. First-Order Auto-Regressive
Moving Average - ARMA time-series models - are widely applied to simulate the error associated with
wind speed forecasts. The ARMA’s properties well reproduce the behavior of the wind speed forecast error,
as shown in diﬀerent works presented by the WILMAR research project. This is shown by comparing the
ARMA model output with the actual forecast data [19]. Other models to simulate the wind speed forecast
error exist, such as GARCH models [20], but the comparison of the performances of these diﬀerent models
is beyond the scope of our work.
Synthetic wind speed data is typically generated respecting a Weibull distribution [21], that can be
modeled as:
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(1)
where f (v) is the probability to observe wind speed v; k is the shape parameter, which is used to
determine the shape of the Weibull distribution; λ is the scale parameter, which represents a scale factor for
the Weibull distribution.
In this case, it is possible to observe that, even if wind speed seems to have a random behavior, statistical
wind speed properties of the Weibull distribution are maintained. Nevertheless, the generated wind speed
data does not reﬂect persistence characteristics of the given average observed wind speed, due to the random
generation process itself. This means that the average value of the generated wind speed is constant and the
autocorrelation tends to zero as far as the time horizon increases. For this reason, and for the apparent
random behavior of wind speed, enhanced models that properly consider wind speed characteristics, such
as persistence, are needed.
The main aim of this study is to deﬁne a new model to generate realistic synthetic data for wind speed
and power. In this model, wind speed is assumed to behave as a random signal generated starting from
a Weibull distribution, while ARMA models are used to estimate wind speed forecast error. Wind speed
persistence features are hence modeled using a mathematical formulation of the Assignment Problem, this
is the novel approach introduced. The new model is compared to a pure random model in which synthetic
wind speed is generated applying a casual perturbation to a wind speed ﬁxed curve.
2. The new synthetic wind data generation model
The objective of the new generator is to produce realistic data for wind speed and power (Fig. 1). The
inputs are the Weibull distribution parameters (representing wind speed features as it has been described
before), the ARMA model parameters (explained in detail in section 2.2), and the wind turbine technical
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characteristics (explained in detail in section 2.3). The generator is based on three main models; the inputs
parameters and the variables will be detailed in the following sections. The ﬁrst is the Optimization model
of the Assignment Problem, used to re-sequence wind generated data to fulﬁll persistence requirements.
The second is the ARMA model used to simulate wind speed forecast error. The third model is based
on the polynomial interpolation algorithm, applied to wind power data to model wind turbine technical
characteristics. The main output parameters of the generator are the forecast wind speed, the forecast wind
speed error, and the forecast wind power.
2.1. Synthetic wind speed curve generation: Assignment Problem formulations to model wind speed persis-
tence
To obtain a proper wind speed forecast, it is necessary to consider that wind speed is distributed re-
specting the Weibull distribution. Furthermore, wind speed autocorrelation reﬂects synoptic and seasonal
wind speed behavior; this aspect is represented by the persistence feature that is measured as the average
duration of wind speed in a given time interval for a certain site. Many models for wind speed persistence
have been proposed in the literature [1]. The most applied ones are ARMA, Markov, and Wavelet models.
Nevertheless, these models do not guarantee at the same time that wind speed autocorrelation reﬂects syn-
optic cycles and that wind speed persistence and Weibull statistical characteristics are not altered [22]. In
particular, ARMA models are based on wind time-series over diﬀerent time scales, but in these models wind
speed autocorrelation partially reﬂects synoptic cycles, and wind speed persistence and Weibull statistical
characteristics are altered. On the other hand, Markov models are based on Markov chains which are used
to give a model of wind speed characteristics; in these models wind speed autocorrelation does not reﬂect
synoptic cycles while wind speed persistence and Weibull statistical characteristics are partially maintained.
Wavelet models are based on wavelet approximating functions which are decomposed and recomposed in
order to generate wind speed sequences; wavelet models are currently the most applied approaches even if
wind speed autocorrelation and persistence are not completely modeled. In order to overcome some of the
drawbacks of these models, in this work wind speed persistence features are modeled considering math-
ematical formulations for the Assignment Problem. The Assignment Problem is one of the most studied
Optimization problems in the Operations Research literature [23]. Given two disjoint sets of equal size and
a cost associated with each element of the cross product of the two sets, it is required to assign exactly
one element belonging to the ﬁrst set to one element belonging to the second set, so that all the elements
belonging to the sets have been assigned and the total cost of the assignment is minimized. In our study:
• the elements of the ﬁrst set are the average wind speed values, which are individuated on an hourly
average observed wind speed curve;
• the elements of the second set are the wind speed values generated in a random way, respecting a
Weibull distribution, and that have to be ‘re-assigned’, to consider wind speed persistence features;
• assignment costs are represented by a function of the distances between the average observed wind
speed and the random generated wind speed.
In this study, the correct re-assignment of the random wind speed points to the average wind speed points
is obtained solving the Assignment Problem with the Hungarian Algorithm [23] and minimizing the total
distance between the random points and the average points. It is fundamental to observe that the Assignment
Problem is solved considering the hourly observed average wind speed curve. This could lead to think that
an alternative way to model wind speed features could be based only on a casual perturbation of the observed
average wind speed, but we will show that this is not the case, comparing this alternative model with the
new proposed one.
2.2. Synthetic wind speed error curve generation
A realistic measure of the forecast wind speed error can be obtained with ARMA models, as proposed
by Soder [19] [24]. These models are based on time-series, which are sequences of observations recorded in
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speciﬁed time intervals. An ARMA time-series is described by the parameters α, β and σz [19] as follows:
X(0) = 0; Z(0) = 0; X(t) = αX(t − 1) + βZ(t − 1) + Z(t).
where X(t) is the wind speed forecast error at time t, α and β are constant parameters, and Z(t) is
a random Gaussian variable with average equal to zero and standard deviation σz at time t. The Auto-
Regressive parameter α determines to which degree the previous value in the time-series inﬂuences the
current value. The Moving-Average parameter β determines to which degree the random Gaussian variable
of the previous parameter in the time-series inﬂuences the current value. A unique set of the three parameters
α, β, σz describes an ARMA time-series. The ARMA parameters depend on diﬀerent factors [19]. The most
important are related with the precision of forecast wind speed estimation (this is associated to the simplicity
and the accuracy of the prediction system), the terrain complexity of the given site and the average wind
speed level where wind turbines are located. The most complete study on the value of the parameters
considered is [19], where it is suggested that proper values for the parameters are α = 0.95, β = −0.6,
σz = 0.5. In the present work, we have considered these values for the parameters α, β and σz.
2.3. Synthetic wind turbine power curve generation
To obtain proper wind power output forecasts, it is necessary to analyze the power technical curve of
a wind turbine, shown in the technical manufacturer’s data-sheet. A typical wind turbine usually works in
four modalities which depend on the wind speed given in input (no wind speed, cut-in, rated, and cut-out
wind speed).
In the modality in which wind speed is comprised between the cut-in speed and the rated speed (and the
power curve has a nonlinear form), power output is calculated as follows
P = 0.5ρCPπR2(vij)
3 (2)
where ρ is the air density factor, CP is the wind turbine power coeﬃcient (a direct measure of its eﬃ-
ciency), 2R is the wind turbine diameter, and vij is the average wind speed for wind turbine i at time j.
The CP power coeﬃcient depends on the technical characteristics of the wind turbine. Based on Betz’s
Theory [25], it is possible to calculate only the maximum value of CP, which is about 0.59. The power
curve cannot be easily reproduced, since it is determined considering the power coeﬃcient curve. It is thus
necessary to use the technical manufacturer’s data-sheet power curve as an input for our wind data generator.
This is a discrete power curve, where the correspondence wind speed - power is given. However, the input
forecast wind speed value could not be found in the data-sheet.
For this reason, in our model we have introduced a novel and eﬀective but not so complex approach to
well approximate the power curve in all the four areas. We use a polynomial data interpolation algorithm to
determine the power output associated with a given wind speed, according to the following steps:
1. considering the expression (2), CP is determined for all the given data-sheet wind speeds v and an
assigned air density factor ρ;
2. CP is approximated with a polynomial curve;
3. CP is re-calculated for all wind speeds and air densities, according to the interpolation equation, by
substituting the value of wind speed v, given in input, in the interpolation equation;
4. the power associated with the input wind speed v and the assigned air density factor ρ is determined,
by substituting the value of CP, calculated at step 3, in the power equation.
3. Results and discussion
In this section we analyze how diﬀerent Assignment formulations aﬀect the quality of the solution and
we present the most important simulation results obtained with the new generator.
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Fig. 2. Average wind speed curves considered in the simulation phase.
Fig. 3. Quality of the ﬁtting η for all the types of distance. Fig. 4. Quality of the ﬁtting η w.r.t. the shape of the averagewind speed curve.
3.1. Tuning the Assignment model
We analyze how diﬀerent choices of the distance functions in the Assignment aﬀect the quality of the
solution, expressed by ﬁtting properties. Fitting is deﬁned as the measure of the diﬀerence between the aver-
age hourly observed wind speed curve and the re-assigned wind speed curve obtained with the Assignment
algorithm. To carry out our analysis, we considered diﬀerent types of Weibull distributions, for a ﬁxed value
of the scale parameter λ (= 12) and diﬀerent values of the shape parameter k: distribution A with k = 1.95,
distribution B with k = 1, distribution C with k = 3 , and distribution D with k = 1.2.
These parameters have been chosen to take into account diﬀerent aspects:
• λ parameter does not aﬀect the shape of the Weibull distribution, but only the scale, so it is easy to
demonstrate that it does not aﬀect the behavior of the assignment algorithm (we have proven it, but we
do not report this study in this paper for the sake of simplicity, for further details please refer to [26]).
The λ parameter physically represents the mean wind speed. In our simulations, we have considered
λ = 12 m/s, in order to have a suitable rated wind speed that generates a typical power output for a
real wind turbine.
• k parameters 1 and 3 represent the extremal values, while 1.2 and 1.95 are two typical k-parameters
for a wind speed Weibull distribution [21]. Hence, we have a spread range of values to perform our
sensitivity analysis.
Based on each of these Weibull distributions, we derived diﬀerent types of hourly observed average wind
speed curves S (Fig. 2).
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Fig. 5. Wind speed distribution before re-assignment. Fig. 6. Wind speed distribution after re-assignment.
We performed 1000 simulations over a 24 hours time horizon with the new generator, considering all
these curves in input. We did not modify the technical parameters of the wind turbine and the ARMA
parameters, while we considered diﬀerent functions of the assignment distances, as described below:
1. distance 1: dt = |vt − vrand,t |;
2. distance 2: dt =
|vt−vrand,t |
2 ;
3. distance 3: dt = |v2t − v2rand,t |;
4. distance 4: dt = (vt − vrand,t)2;
5. distance 5: dt =
|vt−vrand,t |
4 .
where vt represents the average observed wind speed at time t, and vrand,t is the re-assigned wind speed
at time t. The results obtained in the simulation phase are presented in the following sections.
3.1.1. Quality of the ﬁtting and assignment distances
In our work, we have analyzed how the quality of the ﬁtting is inﬂuenced by the function of the assign-
ment distance. Fig. 3 shows the quality of the ﬁtting η with respect to the type of distance chosen. Distances
1 and 3 minimize the average value of η for each type of curve. The larger probability to have the minimum
η is given by the distance 3. Based on the results obtained, we observe that distance 3 ensures the best ﬁtting
for all the curves considered.
3.1.2. Quality of the ﬁtting and shape of the average wind speed curves
In our work, we have analyzed how the quality of the ﬁtting is inﬂuenced by the shape of the average
curve. To calculate the quality of the ﬁtting η we considered the formula η =
∑T
i
|vt−vrand,t |
v , where v is the
average value of wind speed, observed in the given time horizon. The results (depicted in Fig. 4) show that
the quality of the ﬁtting η is constant (for the Weibull distributions A and B); the quality of the ﬁtting η is
inﬂuenced by the variation of the shape of the average wind speed curve (for the Weibull distributions C and
D). This result thereby depends on the Weibull distribution: the distributions A and B and the shapes 1, 2,
and 3 are characterized by a stronger persistence, which makes the operation of re-assignment simpler with
random data. Since the parameter λ has been left unaltered during the simulations, the results show that the
quality of the ﬁtting is mildly dependent on the factor k of the Weibull distribution.
3.2. Simulating wind speed with the Assignment model
The simulation results described in this section have been obtained with the Assignment algorithm con-
sidering the distance 2 (dt =
|vt−vrand,t |
2 ). We have chosen this type of distance because it is easier from a
numerical point of view with respect to the distance 3 that, even if it is ensures a higher quality of the ﬁtting,
is characterized by a quadratic form.
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Fig. 7. Average wind speed results without re-assignment. Fig. 8. Average wind speed results with re-assignment.
Simulation results show that if wind speed values are random generated, considering only the Weibull
distribution and neglecting wind speed persistence features, the random wind speed curve does not reﬂect
the observed wind speed curve (Fig. 5). If wind speed values are generated solving the Assignment Problem,
and considering both Weibull distribution and wind speed persistence features, the re-assigned wind speed
curve reﬂects the observed wind speed realistically (Fig. 6). If wind speed values are random generated,
random wind speed average is constant and its auto-correlation tends to zero; thus, random wind speed does
not reﬂect synoptic wind speed cycles and persistence features (Fig. 7). If wind speed values are generated
solving the Assignment Problem, re-assigned wind speed average is comparable to the observed wind speed
average and re-assigned wind speed auto-correlation diﬀers from zero (Fig. 8). This means that re-assigned
wind speed reﬂects synoptic wind speed cycles and persistence features.
Thus, performing the re-assignment considering wind speed persistence features does not alter the sta-
tistical characteristics of wind speed. Simulations results thereby show that formulations of the Assignment
Problem represent a useful instrument to correctly model wind speed persistence features, which are funda-
mental to obtain proper wind speed and power forecasts.
3.3. Simulation results of the new synthetic wind data generator
In the simulation phase, the new generation model has been compared with a random one. The random
model generates the synthetic wind speed curve applying a casual disturb to the observed average wind
speed curve. In this operation, a normal distribution with amplitude equal to 60% of the average value of
the observed wind speed curve is considered. For our simulations, we considered the hourly average wind
speed curves observed in Catania, Italy, subject of the analysis shown in [21]. To obtain realistic values of
wind speed, this data has been normalized at the wind turbine hub height h, as shown in [27] [28].
We considered a time horizon consisting of one year, which has been divided into 4 slots, each com-
prising 90 days (3 months). Each slot is associated with a given observed hourly average wind speed curve,
which respects a certain Weibull distribution with assigned λ and k parameters. This curve is the same in
a given slot, while it changes when a diﬀerent slot is considered. We performed 1000 simulations for each
slot, taking in input a real wind turbine (Enercon E82 82m 2MW). For the ARMA parameters we considered
α = 0.95, β = −0.60, and σz = 0.50, as suggested in [19].
Simulation results show that the randommodel perfectly approximates the hourly average observed wind
speed curve (Fig. 9). This result is not surprising, as the casual disturb is almost annulled when the average
operation is applied to the average curve itself. However, the distribution of the wind speed frequencies is
degenerated at the extreme points (Fig. 10).
The new model properly approximates the hourly average observed wind speed curve (Fig. 11). It guar-
antees an optimal distribution of the wind speed frequencies: re-assigned wind speed Weibull distribution
is not altered (Fig. 12). The random model produces a smoother average wind speed curve nevertheless,
at a local level, when a simulation slot is considered, wind speed has more peaks than the new proposed
model (Fig. 13). In fact, when the casual disturb is applied, wind speed tends to reach values near cut-out or
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Fig. 9. Wind speed curves obtained with random generation.
Fig. 10. Weibull wind speed distributions obtained with random
generation.
Fig. 11. Wind speed curves obtained with re-assignment.
Fig. 12. Weibull wind speed distributions obtained with re-
assignment.
below cut-in speed as eﬀect of the degeneration of the Weibull distribution. This determines a wind power
frequency distribution with higher probability on the extreme values (Fig. 15).
The new proposed model produces an average wind speed curve with marked peaks, nevertheless, at a
local level wind speed presents better persistence characteristics (Fig. 14). This is conﬁrmed by the results
on average forecast wind power, calculated as the average between the upper and the lower bound on power.
In the case of the upper bound (lower bound), wind speed forecast error leads to an increase (reduction) in
wind speed. These results are more realistic than those obtained with the random model. In fact, even if
power is strongly variable between a 24 hours time horizon and the following, it is cyclical in a single 24
hours time horizon. This is expected when we consider the same average wind speed curve in a limited time
period (e.g. a week, a month, a season) (Fig. 16).
Power statistical properties are completely diﬀerent from the wind speed ones, this a very important
result because the main approximation in literature is that power distribution produced by wind turbines is a
Weibull distribution as well as for wind speed. In the average power distribution, we observe that the value
of 1 MW is associated with higher frequencies (Fig. 17 and 18). In fact, if wind speed is next cut-out and the
forecast error is suﬃciently high, the upper bound on wind speed is higher than cut-out, causing the block of
the wind turbine (0 MW power), while the lower bound on wind speed is comprised in the rated range and
produces the rated power (2 MW). If we do not consider this eﬀect in our statistics on frequencies, the peak
at 1 MW disappears; thus, it represents the statistical eﬀect of wind speeds next cut-out associated with high
forecast errors.
Based on the experiments conducted, we conclude that the new model:
• better approximates wind speed characteristics: Weibull distribution and the autocorrelation are re-
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spected, the average wind speed curve is approximated at optimality (Fig. 12);
• generates synthetic wind speed data with better persistence features: the hourly average wind speed
curve presents casual variations like the typical wind phenomena, but these variations are not uncor-
related, thus, wind memory eﬀect is maintained (Fig. 14);
• is more conservative in the generation of the synthetic wind power data: we can conﬁrm this behavior
of the model making a comparison between the hourly wind power curves and the estimation of the
average hourly energy over all the simulations performed (Fig. 16); this aspect is fundamental when
this data is used as input to the generating units within a power production scheduling process such
as Unit Commitment.
4. Conclusions
In this study, a new model to generate synthetic wind data has been developed. Wind speed has been
modeled as aWeibull distribution, while wind speed forecast error has been simulated using an ARMA time-
series model. A mathematical formulation of the Assignment Problem has been used to model wind speed
persistence features. Simulations results have shown that generating wind synthetic data in a pure random
way is not suﬃcient to produce complete wind speed and power output forecasts, but an accurate generation
model which considers all the wind characteristics, such as persistence features, is fundamental. In a future
study, wind synthetic data, generated with the proposed model, will be used to carry out simulations studies
to individuate wind turbines operational parameters that mainly aﬀect wind generators performances. An
experimental function which expresses the average energy produced by a wind turbine in a 24 hours time
horizon in a typical day will be determined, considering the main simulation parameters related withWeibull
distribution and wind turbines.
Fig. 13. Wind speed obtained with random generation. Fig. 14. Wind speed obtained with re-assignment.
Fig. 15. Wind power obtained with random generation. Fig. 16. Wind power obtained with re-assignment.
Fig. 17. Wind power distributions with random generation. Fig. 18. Wind power distributions with re-assignment.
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